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ABSTRACT 
The evolution of oscillations is a very important issue in traffic flow studies. Recent car-following experiments 
in China show that the speed standard deviation grows in a concave way along a platoon of vehicles following one 
another on a roadway. This finding indicates that traditional traffic instability mechanism is debatable, in which the 
speed standard deviation initially grows in a convex way. This paper has investigated the growth pattern of traffic 
oscillations in the car-following experiments in the USA and compared with that in China. It is shown that the speed 
standard deviation exhibits a universal concave growth characteristic in the two countries. However, the growth 
pattern of acceleration standard deviation is remarkably different. This might be because American drivers are more 
aggressive and follow one another more closely than Chinese. As a result, speed oscillation frequency, and thus 
acceleration standard deviation is larger in the USA than in China. Finally, we test three typical stochastic Intelligent 
Driver Models. It is shown that the three models are able to reproduce the universal concave growth pattern of speed 
standard deviation and different growth pattern of acceleration standard deviation. 
 
Keywords: Traffic oscillation; Car-following experiment; Concave growth pattern; Stochastic Intelligent Driver 
Model 
 
1. Introduction 
The traffic oscillation is an important feature of traffic flow. It refers to the phenomenon that instead of 
maintaining comfortable and stable driving status, vehicles are often forced to repeatedly accelerate and decelerate 
(Li et al., 2014). Traffic oscillations usually form at the bottlenecks, such as highway lane drops (Bertini and Leal, 
2005) and lane changes near merges and diverges (Mauch and Cassidy, 2002; Cassidy and Rudjanakanoknad, 2005; 
Laval and Daganzo, 2006; Laval et al., 2007; Ahn and Cassidy, 2007). Traffic oscillations can also arise even in the 
absence of bottlenecks and lane changing (Sugiyama et al., 2008; Stern et al., 2018). Traffic oscillation, as “a 
nuisance for all motorists throughout the world”, is undesirable (Laval and Leclercq, 2010), leading to driving 
discomfort, extra fuel consumption and emission, and more safety risks. 
To quantify oscillation characteristics and identify contributing factors, many empirical studies have been 
performed, which provide solid evidences for periodical patterns of traffic oscillations in congested traffic (Koshi et 
al., 1981; Kühne, 1987; Ferrari, 1989; Mauch and Cassidy, 2002; Ahn, 2005; Zielke et al., 2008). Mauch and 
Cassidy (2002) observed freeway traffic over multiple days on the 10-kilometer stretch of the Queen Elizabeth Way. 
Its findings indicated that oscillations arose only in queues, increased in amplitude and grew to their full amplitudes 
while propagating upstream. Laval et al. (2009) pointed out that oscillations had typical periods to be somewhere 
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between 2 and 15 min. Gartner et al. (1992) studied the relationship between amplitude and period, and found that 
low frequencies are accompanied by high amplitudes and short periods result in small amplitudes. Mauch and 
Cassidy (2002) found that oscillations propagated at a nearly constant speed of about 22 to 24 km/h in Canada. 
Zielke et al. (2008) conducted a country-specific analysis of freeway traffic oscillations and pointed out that 
oscillations propagated at speeds of about 19 to 20 km/h on OR-217 in the United States, 16 km/h on the A9 in 
Germany, and 14 km/h on the M4 in the United Kingdom.  
Inspired by the empirical observation findings, theoretical analyses and researches have been carried out to 
investigate the formation and propagation mechanisms of oscillations. In classical theoretical models, such as the 
General-Motors family of car-following models (Chandler et al., 1958; Gazis et al., 1959, 1961), the Payne model 
(Payne, 1979), the optimal velocity (OV) model (Bando et al., 1995), the intelligent driver model (IDM) (Treiber et 
al., 2000), and the full velocity difference (FVD) model (Jiang et al., 2001), the formation and propagation of traffic 
oscillations is due to the instability of steady state, which can be triggered by small perturbations.  
To study the growth pattern of oscillations, Jiang et al. (2014, 2015, 2017) have conducted the car-following 
experiments in China. They found that the speed standard deviation increases in a concave way along the platoon. 
They pointed out that in traditional car-following models, the speed standard deviation initially increases in a convex 
way, which is controversial to the experimental finding. They further argued that the mechanism of oscillation 
formation and propagation in traditional models is debatable. It was proposed that oscillations form and grow due to 
the cumulative effect of stochastic factors1.  
As mentioned above, the oscillation of traffic flow between different countries may exhibit different features. 
Drivers have different driving behaviors and styles under different cultural backgrounds. Utilizing the NGSIM 
vehicle trajectory data, Tian et al. (2016) have investigated the growth pattern of traffic oscillations in the USA. It 
was found that the concave growth pattern of speed standard deviation is highly compatible with that in Chinese 
car-following experiments. Nevertheless, even if it is the leading car in the NGSIM platoon, the speed standard 
deviation is more than about 2 m/s. The initial growth pattern of oscillations in the USA is thus not clear.  
Motivated by the fact, this paper studies the initial growth pattern of oscillations in the USA and compares with 
that in China. To this end, we analyze two other sets of data collected from recent car-following experiments 
conducted in the USA. 
This paper is organized as follows. Section 2 reviews the USA experimental setup in details. Section 3 reports 
the comparison of the growth pattern of speed standard deviation between China and USA. Section 4 further 
compares the growth pattern of acceleration standard deviations. Section 5 tests three typical stochastic Intelligent 
Driver Models. Finally, conclusion is given in Section 6. 
 
2. Detailed description of data 
In this section, we describe the vehicle trajectory and velocity data collected from the field experiments 
conducted in the USA. The Experiment A, B and C (Stern et al., 2018) were conducted on a single-lane circular 
track of 260 meter circumference with 21, 21 and 22 vehicles in the USA, respectively. In each experiment, there is 
only one Cognitive and Autonomous Test (CAT) Vehicle, which can be transitioned between manual velocity control 
and autonomous velocity control. The instruction provided to each driver prior to the start of the experiment is 
“Drive as if you were in rush hour traffic. Follow the vehicle ahead without falling behind. Do not pass the car ahead. 
Do not hit the car ahead. Drive safely at all times. Do not tailgate. But put an emphasis on catching up to the vehicle 
ahead, if a gap starts opening up.” The data are illustrated in details as follows: 
⚫ Experiment A: 21 vehicles. The CAT Vehicle is initially under human control. After the first traffic wave is 
observed, the FollowerStopper controller is activated with a desired velocity of 6.50 m/s. Then the velocity is 
                                                             
1 We would like to mention that in several other works (Kim and Zhang, 2008; Yeo and Skabardonis, 2009; Laval et al., 2014), the 
nontrivial role of stochastic factors has also been studied. 
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changed to 7.00 m/s, 7.50 m/s, 8.00 m/s soon after, and is finally reduced to 7.50 m/s. After a while, the CAT Vehicle 
reverts to typical human driving behavior until the experiment is ended. See Stern et al. (2018) for the exact time of 
speed switching. The velocity profile of the CAT Vehicle and the evolution of the spatiotemporal pattern of car speed 
in Exp A are shown in Fig. 1. 
 
Fig. 1. (a) Velocity profile of the CAT Vehicle (the leading car) in Exp A. (b) Evolution of the spatiotemporal pattern of car speed (unit 
m/s) in Exp A. For details on the two oblique black dotted lines, see section 3.1. 
 
⚫ Experiment B: 21 vehicles. The CAT Vehicle is always under human control, but after a wave initially 
appears, the driver of the CAT Vehicle switches from initially typical human driving behavior to the manual control 
strategy implemented by a trained human driver without the aid of automation. The CAT Vehicle is commanded at a 
desired velocity of 6.26 m/s at first, then increases to 7.15 m/s, and reverts to typical human driving behavior after a 
while until the experiment is ended. The velocity profile of the CAT Vehicle and the evolution of the spatiotemporal 
pattern of car speed in Exp B are shown in Fig. 2. 
 
(a) 
(b) 
(a) 
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Fig. 2. (a) Velocity profile of the CAT Vehicle (the leading car) in Exp B. (b) Evolution of the spatiotemporal pattern of car speed (unit 
m/s) in Exp B. 
 
⚫ Experiment C: 22 vehicles. The CAT Vehicle is initially under human control. After a wave initially 
appears, the PI controller with saturation wave damping controller is activated, and remains active until the end of 
the experiment. The velocity profile of the CAT Vehicle and the evolution of the spatiotemporal pattern of car speed 
in Exp C are shown in Fig. 3. 
 
 
Fig. 3. (a) Velocity profile of the CAT Vehicle (the leading car) in Exp C. (b) Evolution of the spatiotemporal pattern of car speed (unit 
m/s) in Exp C. 
 
The Experiment F, G and H (Wu et al., 2017) were conducted on a single-lane circular track in 260 m 
circumference with 19, 21 and 22 vehicles respectively in Tucson, Arizona in July 2016. The drivers are instructed 
to “Safely follow the vehicle in front as if in rush hour traffic, but in addition place an emphasis on closing the gap 
with the vehicle in front, whenever safety permits.” See Wu et al. (2017) for more details. The data of Experiment F, 
G and H are illustrated in details as follows: 
⚫ Experiment F: 19 vehicles. The CAT Vehicle is always under human control. After the wave is observed, 
the driver of the CAT Vehicle is told via radio to slow down and maintain a constant speed. The velocity profile of 
the CAT Vehicle and the evolution of the spatiotemporal pattern of car speed in Exp F are shown in Fig. 4. 
(b) 
(a) 
(b) 
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Fig. 4. (a) Velocity profile of the CAT Vehicle (the leading car) in Exp F. (b) Evolution of the spatiotemporal pattern of car speed (unit 
m/s) in Exp F. 
 
⚫ Experiment G: 21 vehicles. The CAT Vehicle is always under human control. Similar as Exp F, the driver 
of the CAT Vehicle is instructed to drive with a constant speed 6.26 m/s (14 mph). The velocity profile of the CAT 
Vehicle and the evolution of the spatiotemporal pattern of car speed in Exp G are shown in Fig. 5. 
 
 
Fig. 5. (a) Velocity profile of the CAT Vehicle (the leading car) in Exp G. (b) Evolution of the spatiotemporal pattern of car speed (unit 
m/s) in Exp G. 
 
⚫ Experiment H: 22 vehicles. Similar as Exp F and Exp G, the driver of the CAT Vehicle is instructed to 
(b) 
(a) 
(a) 
(b) 
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maintain a constant speed for some time. In Exp H, this occurs twice: for the first time, the driver of the CAT Vehicle 
is instructed to drive at 5.36 m/s (12 mph) after 191 seconds and is instructed again to reduce the speed to 4.47 m/s 
(10 mph) after 411 seconds. The velocity profile of the CAT Vehicle and the evolution of the spatiotemporal pattern 
of car speed in Exp H are shown in Fig. 6. 
 
 
Fig. 6. (a) Velocity profile of the CAT Vehicle (the leading car) in Exp H. (b) Evolution of the spatiotemporal pattern of car speed (unit 
m/s) in Exp H. 
 
3. Universal growth pattern of traffic oscillations 
3.1. The concerned interval  
Although the USA experiments are conducted on a circular track, the CAT Vehicle has been switched into 
autonomous velocity control or implemented human-executed control mode for the certain time interval, during 
which the driving behavior of the CAT Vehicle is no longer the typical human-driving behavior. It has a large 
distance from the preceding car and the amplitude of speed fluctuation becomes small. Thus, we consider these 
vehicles on the circular track as a platoon in this interval and regard the CAT Vehicle as the leading car of this 
platoon to study traffic oscillations.  
Take Exp A as an example. From the two patterns of Exp A (Fig. 1), it is easy to figure out that the velocity 
become relatively stable after the autonomous velocity controller is activated, and the wave is noticeably affected 
after 165 second. When the velocity of the CAT Vehicle is further increased to 8.00 m/s at 347 second, a traffic wave 
rises again. Thus, we focus on the interval between 165 second and 347 second, during which the speed fluctuation 
is smaller than other intervals. The interval we concerned is about 170 seconds, during which the average speed of 
the leading car is calculated to be 6.65 m/s. For the following vehicles, the corresponding intervals are indicated by 
two oblique black dotted lines considering the back-propagation velocity of traffic oscillations (see Fig. 1(b)). 
The concerned intervals in other experiments are extracted similarly, see Fig. 2(b)-6(b), respectively. The 
duration of the concerned interval and the average speed of the leading car for Exp A, B, C, F, G and H are shown in 
Table 1.  
 
(a) 
(b) 
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Table 1: The duration of the concerned interval and the average speed of the leading car 
 Exp A Exp B Exp C Exp F Exp G Exp H 
Duration ~ 170 s ~ 155 s ~ 150 s ~ 95 s ~ 235 s ~ 230 s 
Average speed of the leading car 
6.65 m/s 
(23.9 km/h) 
6.60 m/s 
(23.8 km/h) 
5.78 m/s 
(20.8 km/h) 
5.30 m/s 
(19.1 km/h) 
5.81 m/s 
(20.9 km/h) 
4.61 m/s 
(16.6 km/h) 
 
3.2. The universal growth pattern of speed standard deviation 
Stripe structure has been observed in the evolution of spatiotemporal pattern of traffic flow, which exhibits the 
formation, propagation, growth and dissipation of oscillations (Fig. 1(a)-6(a)). This looks similar to that observed in 
Chinese experiments2. To investigate the growth pattern of traffic oscillations, we calculate the speed standard 
deviation of all the vehicles of Exp A, B, C, F, G and H and compare the results to the Chinese experimental ones. 
The comparison results are presented in Fig. 7. One can see that the results of each USA experiment accord well with 
that of Chinese experiment at the similar speed of the leading car. 
 
 
                                                             
2 The Chinese experiment was carried out on January 19, 2013 on a 3.2 km stretch of the Chuangxin Avenue in a suburban area in Hefei 
City, China. See Jiang et al. (2014, 2015) for more details. 
(a) (b) 
(c) (d) 
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Fig.7. Comparison of the speed standard deviation of all the vehicles between China and USA at the similar speed of the leading car. 
Note that the USA data have been shifted horizontally as proposed in Tian et al. (2016). 
 
To compare the USA and Chinese results quantitatively, a paired-sample t-test is applied to the two datasets of 
China and USA at the 5% significance level. Table 2 shows details of the two paired datasets of speed standard 
deviation that used in the t-test. The p-value calculated equals 0.0958, 0.0814, 0.9944, 0.3661, 0.6414, and 0.2780 
for the six pairs of data, respectively. The null hypothesis that there is no significant difference in the speed standard 
deviation between China and USA could not be rejected (p-value > 0.05). It further reveals quantitatively the 
similarity of the speed standard deviation between China and USA. This finding fills the gap that the initial growth 
pattern (σv is less than about 2 m/s) of oscillations is lacked in the NGSIM data.  
 
Table 2: Details of the two paired datasets of speed/acceleration standard deviation that used in the t-test (unit: m·s-1/m·s-2). “—” means 
that either China or USA data are lacked. 
Car number 
The 1st pair 
(Fig.7/9(a)) 
The 2nd pair 
(Fig. 7/9(b)) 
The 3rd pair 
(Fig.7/9(c)) 
The 4th pair 
(Fig.7/9(d)) 
The 5th pair 
(Fig.7/9(e)) 
The 6th pair 
(Fig.7/9(f)) 
China USA China USA China USA China USA China USA China USA 
0 — — — — — — — — — — — — 
1 
0.314 
/0.094 
0.464 
/0.387 
— — — — — — — — — — 
2 
0.441 
/0.159 
0.599 
/0.646 
— — — — — — — — — — 
3 
0.586 
/0.232 
0.639 
/0.648 
— — — — — — — — 
0.497 
/0.228 
0.575 
/0.205 
4 
0.645 
/0.231 
0.621 
/0.524 
— — — — — — — — 
0.582 
/0.256 
0.798 
/0.442 
5 
0.659 
/0.275 
0.676 
/0.425 
— — — — — — — — 
0.614 
/0.308 
0.861 
/0.455 
6 
0.758 
/0.282 
0.675 
/0.471 
— — 
0.758 
/0.282 
0.680 
/0.403 
0.854 
/0.235 
1.031 
/0.469 
— — 
0.725 
/0.342 
1.020 
/0.508 
7 
0.674 
/0.169 
0.776 
/0.468 
— — 
0.674 
/0.169 
0.800 
/0.605 
0.828 
/0.176 
1.161 
/0.600 
— — 
0.446 
/0.103 
0.904 
/0.395 
8 
0.904 
/0.294 
0.824 
/0.554 
— — 
0.904 
/0.294 
0.992 
/0.768 
0.783 
/0.264 
1.286 
/0.672 
0.783 
/0.264 
1.109 
/0.503 
0.777 
/0.356 
0.815 
/0.332 
9 
1.003 
/0.320 
0.740 
/0.454 
— — 
1.003 
/0.320 
1.032 
/0.760 
1.024 
/0.280 
1.489 
/0.770 
1.024 
/0.280 
1.085 
/0.638 
0.889 
/0.455 
0.928 
/0.474 
10 
1.111 
/0.395 
0.855 
/0.469 
— — 
1.111 
/0.395 
0.981 
/0.618 
1.100 
/0.301 
1.012 
/0.475 
1.100 
/0.301 
1.210 
/0.853 
0.991 
/0.449 
0.992 
/0.450 
11 
1.047 
/0.361 
0.890 
/0.444 
1.368 
/0.302 
0.849 
/0.309 
1.047 
/0.361 
1.128 
/0.709 
1.368 
/0.302 
1.086 
/0.562 
1.368 
/0.302 
1.268 
/0.913 
0.996 
/0.477 
1.062 
/0.530 
12 
1.103 
/0.318 
0.911 
/0.455 
1.169 
/0.277 
0.949 
/0.488 
1.103 
/0.318 
1.043 
/0.640 
1.169 
/0.277 
1.145 
/0.579 
1.169 
/0.277 
1.199 
/0.754 
0.924 
/0.353 
1.075 
/0.448 
13 
1.119 
/0.343 
0.979 
/0.550 
1.212 
/0.289 
1.114 
/0.522 
1.119 
/0.343 
1.092 
/0.663 
1.212 
/0.289 
1.079 
/0.585 
1.212 
/0.289 
1.341 
/0.672 
1.056 
/0.424 
1.118 
/0.555 
14 1.167 1.063 1.277 1.266 1.167 1.237 1.277 1.034 1.277 1.316 1.077 0.954 
(e) (f) 
 9 
/0.352 /0.625 /0.282 /0.624 /0.352 /0.804 /0.282 /0.452 /0.282 /0.684 /0.414 /0.477 
15 
1.296 
/0.367 
1.116 
/0.622 
1.379 
/0.302 
1.275 
/0.491 
1.296 
/0.367 
1.406 
/0.923 
1.379 
/0.302 
1.067 
/0.514 
1.379 
/0.302 
1.396 
/0.702 
1.246 
/0.403 
1.111 
/0.554 
16 
1.247 
/0.355 
1.198 
/0.692 
1.413 
/0.329 
1.410 
/0.536 
1.247 
/0.355 
1.482 
/0.829 
1.413 
/0.329 
1.078 
/0.519 
1.413 
/0.329 
1.387 
/0.696 
1.194 
/0.377 
1.013 
/0.432 
17 
1.280 
/0.397 
1.125 
/0.592 
1.449 
/0.388 
1.603 
/0.601 
1.280 
/0.397 
1.353 
/0.704 
1.449 
/0.388 
1.211 
/0.569 
1.449 
/0.388 
1.510 
/0.830 
1.211 
/0.420 
1.158 
/0.562 
18 
1.236 
/0.286 
1.251 
/1.010 
1.415 
/0.284 
1.641 
/0.685 
1.236 
/0.286 
1.332 
/0.688 
1.415 
/0.284 
1.078 
/0.456 
1.415 
/0.284 
1.334 
/0.646 
1.362 
/0.420 
1.096 
/0.514 
19 
1.464 
/0.404 
1.631 
/1.420 
1.483 
/0.305 
1.708 
/0.586 
1.464 
/0.404 
1.313 
/0.689 
1.483 
/0.305 
1.205 
/0.568 
1.483 
/0.305 
1.459 
/0.717 
1.471 
/0.471 
1.240 
/0.707 
20 
1.469 
/0.416 
1.448 
/0.850 
1.472 
/0.356 
1.719 
/0.618 
1.469 
/0.416 
1.324 
/0.803 
1.472 
/0.356 
1.255 
/0.556 
1.472 
/0.356 
1.422 
/0.714 
1.427 
/0.483 
2.224 
/1.290 
21 — — 
1.563 
/0.362 
1.770 
/0.606 
1.564 
/0.458 
1.400 
/0.879 
1.563 
/0.362 
1.390 
/0.659 
1.563 
/0.362 
1.460 
/0.739 
1.509 
/0.497 
2.126 
/1.266 
22 — — 
1.642 
/0.388 
1.962 
/0.752 
1.626 
/0.464 
1.482 
/0.950 
1.642 
/0.388 
1.645 
/1.059 
1.642 
/0.388 
1.479 
/0.864 
1.589 
/0.525 
1.576 
/0.702 
23 — — 
1.368 
/0.266 
2.061 
/0.734 
1.653 
/0.416 
1.506 
/0.811 
1.368 
/0.266 
1.693 
/1.045 
1.368 
/0.266 
1.392 
/0.735 
1.637 
/0.473 
1.571 
/0.762 
24 — — 
1.415 
/0.305 
2.161 
/0.694 
1.684 
/0.463 
1.617 
/1.115 
1.415 
/0.305 
1.396 
/0.646 
1.415 
/0.305 
1.453 
/0.896 
1.713 
/0.564 
1.236 
/0.476 
25 — — 
1.601 
/0.379 
2.376 
/1.040 
1.792 
/0.515 
2.000 
/1.774 
1.601 
/0.379 
1.342 
/0.708 
1.601 
/0.379 
1.534 
/0.969 
— — 
 
4. The growth pattern of acceleration standard deviation  
The speed standard deviation measures the amplitude of speed oscillation, which is not enough to characterize 
the speed oscillation. Another important feature of speed oscillation is the frequency. The acceleration standard 
deviation can, to some extent, reflect the frequency of speed oscillation. Actually, if the speed time series is a simple 
periodic sinusoid wave, denoted as ( ) sin(2 )nv t A f t b=  + , then its acceleration ( ) 2 cos(2 )na t f A f t =   . The 
acceleration standard deviation is thus proportional to the frequency f. 
To calculate the acceleration, the speed signals are firstly smoothed with a low-pass Fourier filter with a cut-off 
frequency of 0.6 Hz 3. An example of the smoothed velocity time series of China and USA (red color line) is shown 
in Fig. 8(a) and (b), respectively. One can see that the random fluctuations are essentially eliminated. 
Now we calculate the acceleration via  
( ) ( )
( ) n nn
v t v t t
a t
t
− − 
=

                                                                   (1) 
where ( )na t  and ( )nv t  are the acceleration and velocity of vehicle n at time t, respectively; 0.1t s = . The 
corresponding acceleration time series of China and USA are shown in Fig. 8(c) and (d), respectively. One can see 
that the acceleration noises are also eliminated. 
                                                             
3 We have examined the results by changing the value in the range between 0.3 Hz and 1 Hz, and found only minor quantitative 
differences. 
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Fig. 8. (a) The speed of the 13th vehicle in one run in the 25-car-platoon experiment of China, and (b) the speed of the 8th vehicle in Exp 
B in USA. Red line is the smoothed speed signal, while black line is the raw one. (c), (d) The acceleration of the vehicle in (a), (b), 
respectively. Red line is calculated from smoothed speed signal, while black line is calculated from the raw one. 
 
From Fig. 8, it can be seen that speed oscillation amplitude of the two vehicles is roughly equal. However, 
speed oscillation frequency of the American vehicle is remarkably larger than that of Chinese one. As a result, the 
American vehicle has a larger acceleration standard deviation. 
Fig.9 shows the growth pattern of acceleration standard deviation. One can see that the patterns are 
significantly different in the two countries: the USA data are larger than Chinese ones. We also test the similarity of 
acceleration standard deviation between China and USA. The two paired datasets of acceleration standard deviation 
that used in the t-test are shown in Table 2. The p-value equals 5.9382e-06, 2.1035e-06, 4.9135e-08, 5.6850e-08, 
8.6640e-13, and 0.0018 for the six pairs of data in Fig. 9, respectively. The null hypothesis that there is no significant 
difference in the acceleration standard deviation between China and USA is rejected (p-value < 0.05). 
(a) (b) 
(c) (d) 
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Fig.9. Comparison of the acceleration standard deviations of all the vehicles between China and USA at the similar speed of the leading 
car. Note that the USA data have been shifted horizontally as in Fig. 7. 
 
To study the reason why the growth pattern of acceleration standard deviation is different between China and 
USA, we compare the platoon length in the USA and Chinese experiments. Fig.10 shows that at leading speed 20 
km/h or 25 km/h, the average platoon length in the experiments in the USA are all notably smaller than that in China. 
This might be because American drivers are more aggressive and follow one another more closely than Chinese. As 
a result, speed oscillation frequency is larger in the USA than in China4.  
                                                             
4 On the other hand, the US data is collected from a ring road with a relatively small radius. Every vehicle needs to always make small 
turns to keep on track. This complicates the maneuvers as opposed to drive on a straight track and might be another origin causing 
(a) (b) 
(c) (d) 
(e) (f) 
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Fig. 10. The average platoon length of the experiments in China and in the USA. Each data point corresponds to one run of experiment. 
Note that we study the average platoon length of 21-car-platoon since Exp A, B, G in the USA have only 21 cars. Thus, we only extract 
the displacement data of the first 21 cars from the experimental data of 25-car-platoon in China, and from the data of Exp C in the USA. 
 
Finally, we would like to mention that as in Chinese experiments, traffic states also span a 2D region in the 
speed-spacing plane in the USA experiments. Fig. 11 shows two examples in the USA experiments, from which we 
have found that (i) in different USA experiments, the platoon length might be significantly different even if the 
leading car moves with the similar speed and the average speed of the platoon is essentially the same (see Fig. 11(a)); 
(ii) although the average speed of the platoon for Exp H is smaller when the leading car moves with 4.61 m/s 
(compared with 5.78 m/s, Exp C), the platoon length is larger (see Fig. 11(b)).  
 
Fig. 11. The velocity profile of the leading car, the platoon length, and the average velocity profile of the platoon. The leading car is in 
the speed (a) 5.78 m/s (Exp C) and 5.81 m/s (Exp G), (b) 5.78 m/s (Exp C) and 4.61m/s (Exp H). The blue and red color lines represent 
different experiments with the similar or different leading car speed in panel (a) or (b). Note that the data of the first 21 cars in the Exp 
C and Exp H are extracted and studied. 
5. Model test 
Our studies show that the speed standard deviation (reflecting speed oscillation amplitude) exhibits universal 
growth pattern in China and USA. However, the growth pattern of acceleration standard deviation (reflecting speed 
oscillation frequency) is remarkably different. A practical model should be able to depict the finding. This section is 
                                                                                                                                                                                                          
the acceleration std. difference between USA and China. Finally, part of the acceleration std. difference might be attributed to 
different equipment measuring speeds. The China data are collected by GPS and the USA data are collected by image process. It 
would be desired to use the same equipment in the future work. 
(a) (b) 
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devoted to test three models with this respect. 
5.1. The test models  
We test three typical stochastic Intelligent Driver Models (IDM), namely 2D-IDM (Jiang et al., 2014), IDM 
with white acceleration noise and IDM with action points (Treiber and Kesting, 2017), which are able to reproduce 
the concave growth pattern of oscillations.  
The Intelligent Driver Model defines the acceleration function na  for vehicle n of the velocity nv , the spacing 
nd  and the velocity difference nv  between the vehicle n and the vehicle in front (n-1): 
max
2
( ) ( )4
0 2
max
max
( ) ( )( )
( ) 1
(t)
n nv t v t
n a bn
n
n
v t T t dv t
a t a
v d
  + −   = − −        
                                    (2) 
where 1( ) ( ) ( )n n nv t v t v t− = − , 1( ) ( ) ( )n n n vehd t d t d t L−= − − , maxv  is the maximum velocity, maxa  is the maximum 
acceleration, b is the desired deceleration, d0 is the jam distance. T(t) is the desired time gap.  
(1) 2D-IDM  
In contrast to a constant parameter in the IDM, the desired time gap T(t) is a stochastic quantity in the 2D-IDM, 
which might change in each simulation step 0.1t s =  with probability p: 
1 2    with probability ,
( )
   ( )     otherwise.
T rT p
T t t
T t
+
+  = 

                                                    (3) 
where r is a uniformly distributed random coefficient between 0 and 1; T1 and T1 +T2 indicate the range of time gap 
variations. 
(2) IDM with action points 
In this model, action points are considered: 
( )max( ) ( ) ,      0,n na t a t a a U a−                                                           (4) 
where t  is the time of the last action point, a  is a uniformly distributed random number between 0 and maxa  
produced at t . Note that the value of maxa  should be well below the maximum acceleration of deterministic IDM. 
When Eq.(4) is met, the action point is activated, vehicle n changes its acceleration to an(t), a new threshold a is 
generated, and an( t ) is updated by an(t); otherwise its acceleration equals an( t ).  
(3) IDM with white acceleration noise 
In this model, the (white) noise is added to the deterministic acceleration: 
( ) ( ) ( )n n nv t a t t= + , ( ) 0n t = , ( ) ( ) ( )n m nmt t Q t t    = −                                 (5) 
where ( )n t  is the white acceleration noise with intensity Q, completely irrelevant in time and between vehicles; the 
Kronecker symbol 1nm =  for n=m and zero, otherwise;   is the Dirac’s delta function. 
 
5.2. Simulations: Platoon experiments 
In this section, we simulate platoon car-following experiments. All vehicles are initially stopped with their 
standing spacing and the initial spacing (bumper-to-bumper) of every two vehicles is a vehicle length Lveh plus a jam 
distance d0. The leading car accelerates freely to a prescribed velocity vl and then moves constantly in each 
simulation step. In the simulations, the prescribed velocity vl of the leading car is set to 20 km/h and 25 km/h, 
respectively. 
In the simulations, vmax is set to 120 km/h, Lveh is set to 5 m. Other parameters are calibrated, which is 
implemented in Matlab based on the genetic algorithm (GA). The fitness function is to minimize the weighted sum 
of the mean absolute error (MAE) of two metrics over 10 simulation runs: 
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, ,
1 2
1 1 1 1
1 1 1 1
ˆ ˆmin   
N M N M
n m n n m n
v v a a
n m n mN M N M
     
= = = =
  − +   −                                   (6) 
where M is the simulation runs, N is the number of vehicles; ,ˆ n mv , 
n
v  are the m
th simulation and experimental data of 
speed standard deviation of vehicle n, respectively; ,ˆ n ma , 
n
a  are the m
th simulation and experimental data of 
acceleration standard deviation of vehicle n, respectively; 1 , 2  are the weights, which consider the magnitude of 
the error value of the two metrics and are set to: 1 1 = , 2 3 = . 
The genetic algorithm is implemented with population size P=30, crossover rate Pc=0.8, mutation rate Pm=0.2 
and reasonable constraints for each parameter. The termination criteria are that the average relative change in the 
fitness function value over generations is less than (or equal to) 1e-4 or maximum number of generations, which is 
set to 200, is exceeded. 
 
Table 3: Calibrated parameters of the three stochastic IDM  
Parameters 
Calibrated value 
2D-IDM 
IDM with  
action points 
IDM with white 
acceleration noise 
China USA China USA China USA 
Maximum acceleration a 0.65 m/s2 1.47 m/s2 0.81 m/s2 1.72 m/s2 0.51 m/s2 1.05 m/s2 
Desired deceleration b 1.70 m/s2 3.17 m/s2 2.42 m/s2 2.94 m/s2 2.86 m/s2 2.64 m/s2 
Jam distance d0 1.45 m 1.26 m 1.10 m 2.25 m 1.50 m 0.51 m 
Safe time headway T 
T1= 0.71 s T1= 0.37 s 
1.78 s 1.01 s 1.62 s 0.72 s 
T2= 1.33 s T2= 0.54 s 
Probability p 0.017 0.038 — — — — 
Maximum acceleration step Δamax — — 0.65 m/s2 1.27 m/s2 — — 
Noise intensity Q — — — — 0.47 m2/s3 3.03 m2/s3  
 
Table 3 shows the calibrated parameter sets of the three models. The comparison results between simulation 
and experimental data are displayed in Fig. 12 and 13. The left panel of Fig. 12 and 13 shows the comparison of 
speed standard deviation, the right panel shows the comparison of acceleration standard deviation. One can see that 
the three models are able to reproduce the universal concave growth pattern of speed standard deviation and 
different growth pattern of acceleration standard deviation. 
 
 
(a) (b) 
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Fig. 12. Simulated speed standard deviations (left) and acceleration standard deviations (right) in a platoon following the leading car 
accelerating freely to 20 km/h. Top: 2D-IDM; middle: IDM with action points; bottom: IDM with white acceleration noise. 
 
 
(a) (b) 
(c) (d) 
(e) (f) 
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Fig. 13. Simulated speed standard deviations (left) and acceleration standard deviations (right) in a platoon following the leading car 
accelerating freely to 25 km/h. Top: 2D-IDM; middle: IDM with action points; bottom: IDM with white acceleration noise. 
 
6. Conclusions  
This paper makes a comparison analysis on the oscillation features of traffic flow between the car-following 
experiments in the USA and our recent experiments in China. Our analysis reveals that (i) the speed standard 
deviation exhibits a universal concave growth characteristic in the two countries (Fig. 7); (ii) the growth pattern of 
acceleration standard deviation is remarkably different (Fig. 9). To further study the phenomena, we compare the 
platoon length of the experiments in China and USA (Fig. 10). The finding reveals that American drivers are more 
aggressive and follow one another more closely than Chinese, which might be the main reason that speed oscillation 
frequency, and thus acceleration standard deviation is larger in the USA than in China.  
Finally, we tested three typical stochastic Intelligent Driver Models. It is shown that the universal concave 
growth pattern of speed standard deviation and different growth pattern of acceleration standard deviation can be 
well reproduced (Fig. 12 and 13). 
In the future work, a more comprehensive comparison study needs to be performed concerning longer platoon, 
larger speed, and driving behaviors in more countries.  
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